Given the inherent risk of innovative activity, multiple parallel approaches to innovation can improve the odds of success. Since innovation draws on many sources of ideas, firms also may improve their odds of successful innovation by accessing a large number of knowledge sources.
INTRODUCTION
Innovation is a risky business. Industrial R&D often fails to achieve innovation. Given the inherent risk of innovative activity, Nelson (1961) argued that multiple, parallel approaches to innovation can improve the odds of success. Consistent with this sensible but little-tested argument, recent empirical work has shown that at the industry level, a larger number of innovation objectives is associated with greater rates of new product and process introduction (Cohen and Malerba, 2001 ). These innovation objectives also can benefit from a range of sources of ideas and knowledge that provide the opportunity for technological advance (Klevorick et al., 1995) . As a consequence, access to a greater number of knowledge sources may help firms to improve their odds of successful innovation. Here we conduct one of the first firm-level statistical analyses of the impact on innovation of breadth in both innovation objectives and knowledge sources.
Although greater scope of innovative activity has potential benefits, it also carries a cost. For example, too great an emphasis on breadth of objectives and knowledge sources may lead to inefficient exploratory learning without sufficient accumulation of knowledge needed for effective exploitation in learning (March, 1991; Rosenkopf and Nerkar, 2001 ). The management challenge therefore is to evaluate the potential usefulness of multiple objectives and knowledge sources. In this empirical study, we assess the average effect on innovation of breadth in innovation objectives and knowledge sources by analyzing a broad cross-section of firms and industries. The results suggest that firms benefit from broader horizons with respect to innovation objectives and knowledge sources.
The following section builds on extant literature on technological innovation to develop hypotheses about the effects of breadth in firm innovative activity. Sections 3 and 4 describe the data and empirical methodology used to assess the impact on innovation performance of breadth in innovation objectives and knowledge sources. Section 5 reports the results. The last section discusses the results and concludes the analysis.
BREADTH IN INNOVATIVE ACTIVITY
The success of an innovation can be considered along several dimensions, including technical, commercial, and financial success (Mansfield et al., 1971) . Projects that meet with technical success, in the sense that a workable product or process results, may or may not meet customer needs at a reasonable enough cost to permit commercialization. Even then, the financial returns to the project may or may not exceed the cost of capital. In this study, we focus on commercialization of an innovation as one measure of innovation success. This measure has the advantage that the introduction of a new product or process by a firm is clearly observable and easily quantifiable. The following analysis first examines the impact on commercialization of breadth of innovation objectives and then turns to breadth of knowledge sources. In analyzing the breadth of firm innovative activity, we rely primarily on an economic perspective.
Breadth of Innovation Objectives
Research has shown that the outcome of industrial research and development projects is difficult to predict ahead of time. For example, in an in-depth study of research and development (R&D) projects in 16 companies, Mansfield et al. (1971) found that the average probability of commercialization was 37 percent. Early RAND Corporation studies also documented the difficulty of predicting R&D cost, technical performance of the innovation, and development time (see Nelson, 1961) . These studies documented what is now a wellknown "stylized fact"--innovation activity is risky and the likelihood of success is uncertain.
In light of these risks, Nelson (1961) proposed that firms could increase the odds of innovation success by having multiple innovation objectives. 1 Firms that conduct R&D frequently set their sights on achieving more than one innovation at the same time. Examples 1 Nelson (1961) also recommended small initial outlays of funds before making a final decision to proceed with a project, since early stages of development are often the least expensive and can yield valuable information about the likely innovation costs, technical performance and development time for the project. This real options aspect of innovative activity is not investigated in our analysis.
include firms in the petroleum industry, (Helfat, 1994) , the pharmaceutical industry (Henderson and Cockburn, 1996) , and the chemical industry (Ahuja and Katila, 2003) . The evidence in these and other studies indicates that individual firms may conduct several research programs simultaneously, directed toward different product-markets with different scientific and technological bases. In a recent study of innovation at the industry level, Cohen and Malerba (2001, p. 590) analyze innovation objectives defined as technical goals (research projects or programs). In this study, we also focus on technical goals as innovation objectives. 2 The arguments in favor of having multiple innovation objectives are as follows. First, a decision maker is faced with a great deal of uncertainty about the ultimate payoff to an objective when deciding to pursue that objective. The simultaneous pursuit of multiple objectives therefore saves decision makers from putting all of their eggs in one risky innovation basket (Nelson, 1961) . Any one innovation objective might not lead to success, but one of many objectives might. In a model of this type, the payoff to innovation is increasing in the number of objectives, because the likelihood of obtaining a favorable draw from a distribution of payoffs to all innovation objectives is increased. In this context, it is helpful to think of a favorable draw as one that exceeds a critical value above which it is profitable to commercialize an innovation. The greater the number of simultaneous draws from the distribution, the more likely it is that one of the draws will exceed the critical value needed for commercialization.
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The analysis thus far deals with the risk that any one objective may fail to produce an innovation. But even an initial innovation success from a particular technological objective may carry a different sort of risk, namely, of diminishing returns to further innovative activity, or technological exhaustion in the terminology of Evenson and Kislev (1976) . For instance, investments in improving the fuel efficiency of automobiles are likely to experience decreasing marginal returns, because prior innovative success has pushed the firm further toward the limits of technical feasibility at reasonable cost. If a car manufacturer, however, simultaneously invests in other technological objectives such as developing alternative automobile fuel sources, filters for exhaustion gases, and electronic controls, the firm improves the potential to make significant innovations that raise the quality or cost efficiency of an automobile. The addition of new technological objectives helps to offset diminishing returns from existing research programs. Thus, although firms may face a trade-off between breadth and depth of innovative effort, having some breadth of objectives helps to offset diminishing returns to depth of effort on a single objective. For this reason, having multiple technical objectives along separate technological trajectories increases the likelihood of innovation success (Cohen and Malerba, 2001 ).
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The foregoing arguments imply that different innovation objectives are not substitutes for one another, and that having more objectives improves the prospects for innovation success.
In these arguments, economies of scale in innovation do not play a role.
5 Economies of scope due to sharing fixed costs (e.g., for equipment) across innovation objectives also do not play a role in these arguments. Economies of scope due to spillovers of knowledge across innovation objectives, however, are directly related to our analysis. We return to this later when discussing interactions between objectives and knowledge sources.
Based on the analysis above, we hypothesize the following:
H1a: Firms that have a larger number of innovation objectives are likely to have greater innovation success.
Although we expect breadth of innovation objectives to have a positive impact on innovation success, the benefits of breadth may change as a firm increases the number of 4 The analysis of breadth of innovation objectives within the firm to reduce risk implicitly relies on the assumption that financial markets do not work well to diversify the risk of innovation failure (see for example, Himmelberg and Petersen, 1994) . 5 Evenson and Kislev (1976) , for example, model costs per objective as increasing in the number of objectives.
innovation objectives. For example, the sampling argument regarding draws from a distribution of innovation payoffs implies that the marginal benefit (e.g., an increment to sales) of adding another objective diminishes as a firm increases the number of its objectives. This occurs because as the number of draws from the same distribution increases, the more likely it is that the firm has already obtained high valued outcomes. The probability of obtaining an even higher valued draw from an additional objective therefore diminishes. In addition, the marginal cost of adding an innovation objective may increase as the number of innovation objectives increases. Due to the complexity of managing a larger variety of projects, organizational and managerial costs may increase. Increases in costs affect innovation success because it becomes more difficult to commercialize an innovation at a price that the market will bear. Thus, as a result of both decreasing marginal benefits and increasing marginal costs, increases in the breadth of innovation objectives may be subject to diminishing returns. Henderson and Cockburn (1996) , for example, found that although pharmaceutical companies with a greater number of research programs had greater innovative output in the form of patents, there were diminishing returns to scope. The following hypothesis regarding diminishing returns to innovation objectives is conditional on a positive effect of innovation objectives on innovation success:
H1b: As the number of innovation objectives increases, the positive impact on innovation success diminishes.
Breadth of Knowledge Sources
The foregoing arguments focus on the number of innovation objectives, and take the payoff to any one innovation objective as given. Although the knowledge-based view of the firm has emphasized that knowledge holds the key to successful innovation and firm strategy (Grant, 1996; Kogut and Zander, 1992) , the literature regarding breadth of innovation objectives essentially holds the number of knowledge sources constant. Firms, however, may differ in the breadth of knowledge sources upon which they draw.
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The Yale survey on innovation has documented the wide range of knowledge sources used in innovation at the industry level in the U.S. (Klevorick et al., 1995) . The PACE survey has documented similar breadth of knowledge sources for industry sectors in Europe (Arundel, Van de Paal, and Soete, 1995) . These knowledge sources include the firm's own industrial R&D and the scientists that perform this R&D, other firms in the same industry, customers, suppliers, joint ventures and alliances, university research, government research labs and agencies, and professional and technical societies.
Two main arguments support the idea that multiple knowledge sources benefit innovation at the firm level. First, firms may obtain an increase in technological opportunity from a broader set of knowledge sources. Second, there may be complementarities and synergies among knowledge sources. Both arguments require that the knowledge obtained from different sources do not fully overlap. Otherwise, firms could substitute one knowledge source for another without any benefit from breadth. We next address each of these arguments in turn.
The first argument rests on the idea that the success of innovation is uncertain and that breadth of technological knowledge may improve the set of opportunities for innovation. The knowledge that the firm accesses may lead to ideas for new products and processes, improve the efficiency of existing research projects, and help to overcome bottlenecks in product and process development (Cohen and Malerba, 2001) . Because it may be difficult to predict ex ante which sources of knowledge will have the highest technological opportunity, accessing a greater number of knowledge sources improves the probability that one or more of the sources will provide knowledge that has high innovation potential. This again is a sampling argument.
The more times a firm draws from a distribution of technological opportunities, the greater the probability of eventually drawing a high value outcome (Klevorick, et al., 1995) .
The second argument involves complementarity of knowledge sources. Knowledge sources are complements when obtaining (or increasing the amount of) knowledge from one source increases the value of knowledge from another source (the marginal payoff from the second source increases). Arora and Gambardella (1990) and Cohen and Malerba (2001) use a similar definition of complements in innovative activity more generally.
Most arguments regarding the complementarity of knowledge sources have to do with the idea that innovation proceeds through recombination of existing knowledge (see e.g., Kogut and Zander 1992; Nonaka 1994 ). Schumpeter's (1934: 65-66) classic work describes innovation as a process of combining existing "materials and forces within our reach" to produce "other things, or the same things by a different method." Recombination in innovation can include a range of combinations, including the combination of highly disparate types of knowledge as well as the application of one area of knowledge to another closely related area of knowledge. The latter sort of recombination is common in industrial innovation, such as the application of refined oil technology to the refining of synthetic fuels from coal (Helfat, 1997) and the application of audio recording to video recording technology (Cusumano et al., 1992) .
The concept of absorptive capacity (Cohen and Levinthal, 1990) has implications for the recombination of complementary knowledge sources. More specifically, organizations require prior related knowledge in order to absorb and exploit new knowledge. Thus, the firm's own prior R&D and innovative efforts form the basis for the capacity to assimilate and utilize scientific and technological knowledge from outside the firm. This argument implies that the firm's internal knowledge base and outside sources of knowledge are complementary (Veugelers, 1997) and involve knowledge recombination. Consistent with this argument, Arora and Gambardella (1990) found that pharmaceutical companies with a larger internal knowledge base (measured by patents) were more active in pursuing external linkages in biotechnology.
The role of absorptive capacity in innovation also has implications for the probabilistic argument given earlier about draws from a distribution of technological knowledge sources. In particular, the simple story about improving technological opportunity by accessing multiple sources of knowledge may not hold up in the absence of complementary internal knowledge.
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Without prior related internal knowledge, the firm may have difficulty utilizing draws from external knowledge sources.
As noted earlier, benefits accrue from breadth of knowledge sources only to the extent that the knowledge is both useful in innovation and differs to at least some extent between sources. Evidence suggests that technological knowledge from different sources often does not fully overlap. For example, while academic research provides knowledge essential to industrial innovative activity, basic academic research generally does not provide solutions to the more applied sorts of problems on which firms tend to focus (Mansfield, 1991; Pavitt, 1998) . Even in a strongly science-based field such as biotechnology, agreements with universities provide firms with access to basic scientific knowledge, while agreements between firms typically focus on product-specific development of basic research discoveries (Arora and Gambardella, 1990 ). Customers and suppliers provide yet other sorts of knowledge as well (Leiponen, 2002) .
Users, for example, provide feedback regarding problems with, and desired modifications of, existing products (von Hippel, 1976) . Suppliers provide knowledge regarding inputs, including raw materials, plant and equipment, product components, and subsystems.
Not all knowledge from different sources is completely distinct of course. For example, spillovers of knowledge from other firms in an industry can substitute for internal firm research and development. The extent to which different knowledge sources are substitutes rather than complements is an empirical question. The greater the ability of firms to substitute knowledge from different sources, the more difficult it will be to find empirical support for the hypothesis that breadth of knowledge sources is helpful to innovation. 6 The literature on innovation networks and strategic alliances also reflects the two arguments given here regarding breadth of knowledge sources, involving learning through knowledge recombination as well as access to additional sources of technological opportunity (Dokko and Rosenkopf, 2002) . Firms are often thought to participate in such networks and alliances in order to learn from partners (Hagedoorn 1993; Koput, Powell, Smith-Doerr 1996) . Other evidence, however, suggests that some firms instead use alliances to gain access to partners' technological knowledge without internalizing the knowledge (Mowery, Oxley, and Silverman, 1996) .
Based on the foregoing arguments regarding breadth of knowledge sources, we test the following hypothesis:
H2a: Firms that have a larger number of knowledge sources are likely to have greater innovation success.
Like the number of innovation objectives, the number of knowledge sources may be subject to diminishing returns. In particular, the sampling argument regarding draws from a distribution of technological opportunities implies that as a firm increases the number of draws from the same distribution, the probability of obtaining a higher valued draw from an additional source diminishes. Thus, the marginal benefit to innovation success from an additional knowledge source may decline as the firm adds knowledge sources.
In addition, as the number of knowledge sources increases, the firm may encounter increased complexity of managing both the variety of knowledge and the relationships needed to maintain access to these sources. Due to bounded rationality, scientists and engineers may find it more difficult to figure out how to effectively combine all of the various knowledge sources. In an application of Kauffman's (1993) NK model to the process of knowledge combination, Fleming and Sorensen (2001) find that it becomes more difficult to combine technological components when the number of interactions among components becomes large.
In addition, marginal organizational costs may increase as the firm adds knowledge sources, due to the complexity of managing the various external relationships as well as the interaction between internal and external knowledge sources. Increases in marginal costs in turn affect innovation success, because it becomes more difficult to commercialize an innovation at a price that the market will bear.
The following hypothesis regarding diminishing returns to knowledge sources is conditional on a positive effect of knowledge sources on innovation success:
H2b: As the number of knowledge sources increases, the positive impact on innovation success diminishes.
Innovation Objectives and Knowledge Sources Combined
The previous hypotheses consider breadth of knowledge sources and breadth of innovation objectives separately. H1a deals with the effect of the number of innovation objectives while holding the number of knowledge sources constant. In addition, the logic that supports H2a suggests that a greater number of knowledge sources improves the likelihood of innovation success for each innovation objective that the firm holds. The same knowledge source may be useful in more than one innovation objective, however. Thus, firms may obtain economies of scope from knowledge transfer between innovation objectives. Firms that apply a given set of knowledge sources to a larger number of innovation objectives may be able to multiply the benefits of their knowledge sources (without incurring additional costs of knowledge acquisition), relative to the application of the same set of knowledge sources to a smaller number of innovation objectives. The following hypothesis states this argument, which is conditional on a positive effect on innovation success of breadth in both innovation objectives and knowledge sources 7 :
H3: The number of innovation objectives and the number of knowledge sources have a positive interaction effect on innovation success.
DATA
The data used to test the hypotheses come primarily from the Finnish Community Innovation Survey (CIS) collected by Statistics Finland in 1997 in connection with the European Union, which sponsored CIS surveys in several member countries. Eurostat, which is the official statistics and data collection agency of the European Union, coordinated the development of the survey instrument and the data collection techniques.
The survey includes questions about innovation output, R&D activity, innovation objectives, and knowledge sources related to innovation. The questions regarding innovation output ask whether or not the firm introduced technological innovations of any type (product and process), and what percent of firm sales derived from the introduction of technologically new products. As the CIS data have become available, scholars have begun to use these data to measure innovation output, as a complement to more traditional measures such as patents (e.g., Mairesse and Mohnen, 2002; Leiponen, 2000; Leiponen, 2002; Veugelers and Cassiman, 1999) . Finland. 9 Because the data are confidential, the firms in the survey are not identified by name.
8 Although patents reflect success in creating something new, they do not necessarily result in commercially viable innovations (Griliches, 1990) . Moreover, in most industries, firms do not rely heavily on patents (Levin et. al., 1987) . The CIS data provide a direct measure of success in commercializing innovations for a broad range of industries. Kleinknecht, Montfort and Brouwer (2002) found that CIS innovation output (measured as the share of sales revenue per employee derived from innovative products) was not correlated with the number of patent applications per employee. This finding suggests that the CIS data provide useful complementary measures of innovation success that more traditional measures may not capture. 9 As a check for reasonable responses to the survey questions, we required that firm R&D spending and export revenues not exceed sales. This requirement eliminated one firm from the original sample. Table A1 in the Appendix for the journal website shows the distribution of firms by industry.
The sample includes separate observations for subsidiaries of larger companies (the latter are termed "business groups").
In addition to the Finnish CIS data, we use data from the Finnish Employment Register for control variables related to employee education levels and degrees. Statistics Finland collected data from all employers in Finland regarding the education of their employees.
EMPIRICAL METHODOLOGY AND VARIABLES
Our hypotheses deal with the effect on innovation success of breadth in innovation objectives and knowledge sources. As explained below, the data contain a binary indicator of innovation success (including products and processes) as well as a measure of sales from product innovations. We use probit maximum likelihood estimation for the binary indicator and tobit maximum likelihood estimation for the sales variable, which is censored because sales of new products can only be zero or positive.
In addition, the structure of the question we are investigating contains an inherent sample selection problem: we generally do not observe the commercialization of an innovation unless a firm has first attempted to innovate. The standard statistical approach for dealing with this sort of problem is Heckman's (1979) two-stage sample selection methodology, using maximum likelihood estimation with corrected standard errors (see e.g., Greene, 2000 and Wooldridge, 2003) . 10 Therefore, we estimate a first-stage selection equation of the probability that a firm attempted to innovate, and then estimate a second stage regression for innovation success conditional on the results of the first-stage equation.
The sample selection methodology helps to control for the possibility that the estimated coefficients for breadth of objectives and sources in the innovation success equation may be biased (upward in this case), because the variables are observed only when the firm has decided to engage in innovative activity. This bias will occur if unobservable or unmeasured factors affect both the likelihood that a firm attempts to innovate and the result of such attempts. If such unobserved factors are present, the error terms in the two equations will be correlated.
This two-stage approach mitigates the potential problem that the coefficient estimates for innovation objectives and knowledge sources might otherwise be interpreted as proxies for the likelihood that a firm has attempted to innovate. Instead, we explicitly estimate the probability that a firm has attempted to innovate prior to inclusion of innovation objectives and knowledge sources in the equation for innovation success. We use LIMDEP version 8.0 to estimate all of the models.
Variables

Dependent Variable
To measure innovation success, we utilize two main proxy variables. The first is a (0,1) variable (INNOV), indicating whether or not the firm introduced any technological innovations (product or process) during the 1994-1996 period. The survey also contains information about the percent of total firm sales revenues in 1996 from technologically new products introduced during 1994-96 (PRODSALES).
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Explanatory Variables
The key explanatory variables in our study represent the number of innovation objectives and the number of knowledge sources. The CIS survey question regarding technological objectives asked respondents to identify the importance of each of 10 possible 11 The survey defines a product innovation as including both a technologically new product and a technologically significant product improvement. A technologically new product is one whose purpose or technological characteristics are clearly distinct from those of the existing products of the firm. The new product can be based on a new technology, a new application of existing technologies, or application of new knowledge. A technologically significant product improvement significantly improves on the characteristics or performance of an existing product of the firm, and may include improvements in components, materials, or subsystems. The survey defines a process innovation as one that is technologically new or that contains a fundamentally improved method of production or product distribution. A process innovation may include (but is not limited to) improvements based on changes in equipment, instruments, organization of production, or new knowledge.
objectives in their innovation activities. Another survey question asked respondents to identify the importance of each of 12 possible sources of information used in innovation activities. Table 1 lists the different objectives and knowledge sources included in the survey. The set of knowledge sources encompasses a wide range of external sources, in addition to knowledge from within the firm and business group. Of the innovation objectives listed in table 1, the first four apply most directly to product innovation and the latter five (especially objectives 6-9) apply more directly to process innovation. The fifth innovation objective, to fulfill government regulation or standard requirements, might involve either product or process innovation. 12 In a subsidiary analysis reported in the Appendix, we conducted separate analyses of innovation objectives directed more toward product innovation and those directed more toward process innovation.
In assessing the impact on innovation of the number of innovation objectives and knowledge sources, it is important to account for the fact that some objectives and knowledge sources may have greater importance than others. If an innovation objective is relatively unimportant to the firm, or if a knowledge source provides relatively little useful knowledge to the firm, including them in the analysis would overstate the actual number of objectives and knowledge sources relevant to innovation.
For each objective or knowledge source, the survey asked the firm to "evaluate the importance of the following objectives/sources of information for the innovation activities of your firm" on a Likert scale from 0 (not important at all/not used) to 3 (very important). To account for the varying importance of different objectives and knowledge sources, we adopted the approach used by Cohen and Malerba (2001) 
Control Variables
The analysis includes several variables that control for factors that may affect innovation success other than the number of innovation objectives and knowledge sources. All of the control variables may affect innovation success. Firm size is likely to be an important predictor for the binary (0,1) innovation variable in particular. Because larger firms have access to greater financial and human resources, these firms may have a greater ability to achieve at least a single innovation. In addition to firm size, because R&D spending is explicitly directed toward innovation, greater R&D expenditures may increase the probability of successful innovation. Because R&D expenditures often increase with firm size, much research on innovation uses an R&D intensity variable (R&D expenditures divided by sales revenues) to capture the effect of research and development. We take this approach as well.
14 Employees also are an important input to innovation. In addition to the amount of money spent on R&D, the quality of employee skills relevant to innovation may affect innovation success. Since the innovations in this survey are technological in nature, employee technical skills in engineering, physical sciences, and life sciences may help a firm to innovate.
Firms that have employees with research skills gained through post-graduate education also may have a greater ability to innovate.
Two additional firm-specific variables may affect innovation success as well. Firms that are subsidiaries of larger corporations (termed "business groups") may have access to the resources of other subsidiaries or of the corporate office that would improve the ability to 13 In Finland, the first degree for engineers and for most physicists and life scientists is a Master's degree requiring 5 years of study. This is the degree used in the variable TECH. A licentiate degree requires the same coursework as a Ph.D. (2 years beyond the Master's) but requires only one year of research following coursework (rather than 2-3 years for a Ph.D.).
14 In a sensitivity analysis, we also included annual firm R&D expenditures in the analysis. The results regarding OBJECTIVES and SOURCES are virtually identical to those reported here.
innovate. 15 In addition, firms that have a greater share of sales revenues from exports may face stronger competition than firms that sell only in Finland, which is a small economy. Stronger competition in foreign markets may provide greater incentive to innovate.
In addition to firm-specific factors, industry level factors may affect innovation success, including the extent of technological opportunity, appropriability of the returns to innovation, and customer demand. The underlying state of technology and basic science related to industry products and processes in part determines the potential for technological progress (or technological opportunity) in an industry (Klevorick et al., 1995) . The ability of firms to appropriate returns to innovation also varies by industry (Cohen and Levinthal, 1989) . The greater the appropriability of returns to innovation, the greater the incentive that firms have to innovate. Customer demand for new products also affects the incentive to innovate (Adner, 2002 ). To control for industry level factors, we include a dummy variable for each 2-digit level SIC industry in the sample.
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Sample Selection Variables
Sample selection estimation controls for the fact that only firms that attempted to innovate would likely have succeeded in commercializing a technological innovation. For the selection equation, the dependent (0,1) variable INNOVACTIVE has a value of 1 if the firm indicated that it had ongoing innovation projects or R&D investments of any type (internal to the firm as well as collaborative and contract arrangements). Forty-six percent of the firms in the sample were classified as innovation active. In addition, the selection equation includes a right-hand side variable NONTECH, which is the share of firm employees with college (but not postgraduate) degrees other than in the technical areas of engineering, physical sciences, and life sciences. We use this variable as an indicator of the extent to which firms are knowledge-intensive in their general employee base, since firms that are more knowledge-intensive may be more likely to attempt innovation. The selection equation also includes industry dummy variables in order to account for industry level factors that may affect the propensity to attempt innovation (e.g., consumer demand), as well as the firm level control variables other than RDINT, RES, and TECH. The latter three variables are closely associated with internal firm research and development activity and are likely to directly affect innovation success.
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Model Estimation
The sample selection approach enables us to account for the endogeneity of the firm's decision to engage in innovative activity. Studies of innovation output (such as patents) often have difficulty controlling for this source of endogeneity due to a lack of adaquate data.
Fortunately, our analysis can address this form of endogeneity. Because our data are cross sectional, however, a different source of endogeneity associated with OBJECTIVES and SOURCES could affect the results. More specifically, the outcome of successful innovation may point to additional objectives and knowledge sources for subsequent innovation. A common solution to this form of potential endogeneity utilizes instrumental variables.
Unfortunately, we do not have data with which to construct appropriate instruments.
Nevertheless, the use of PRODSALES as a dependent variable mitigates this concern to some extent, since the variable includes only 1996 sales, while OBJECTIVES and SOURCES include the years 1994 and 1995 in addition to 1996.
The CIS survey data contain only the binary and sales types of measures used here. The two dependent variables in our analysis have different strengths and weaknesses. As just indicated, the PRODSALES variable has some benefit with regard to possible endogeneity of the explanatory variables. In addition, PRODSALES provides a measure of the extent of 17 For the selection equation, we seek to predict the propensity to attempt innovation, rather than innovation success. The latter generally is strongly affected by factors related to R&D. As a practical matter, it is not possible to include RDINT in both the selection equation and the main equation. The model will not converge, most likely because RDINT is highly collinear with the dependent variable in the selection equation. Firms that attempt to innovate generally have R&D spending.
commercial success, in contrast to INNOV which provides only a minimum measure of innovation success (commercialization of at least one product or process innovation).
PRODSALES comes directly from a survey question that asked firms to report the share of total firm sales revenues in 1996 from product innovations. Among the firms that innovated, approximately 90 percent introduced product innovations, indicating that use of a product sales variable is appropriate. Since close to half of the innovating firms also had process innovations, however, product sales do not fully reflect innovation success. In addition, total firm sales may reflect not only increased sales from new products, but also sales lost from The tobit model used for PRODSALES, however, estimates a more standard type of linear relationship between the dependent and independent variables (for values of the dependent variable above the threshold) (Kennedy, 2002) . Therefore, use of a squared term in the regression to test for diminishing returns to breadth is appropriate.
Common Method Variance
All of the variables except those dealing with education come from the CIS survey, which had a single respondent per company. We therefore conducted a standard check for common method variance, which could inflate any observed correlations between the dependent and independent variables. We used Harmon's one-factor test to assess common method bias. If common method variance is a serious problem, a factor analysis would produce a single factor that accounts for most of the correlation between the dependent and independent variables (see Podsakoff and Organ, 1986) . We performed two factor analyses, 
RESULTS
Descriptive statistics are reported in table 2, which includes all variables in the analysis for the innovation active firms, as well as variables for which we have data for the full sample of firms. Only the firms that engaged in some innovation related activity were asked to respond to the survey questions concerning innovation objectives and knowledge sources used in innovation activity. If firms did not attempt to innovate, it is unlikely that they had innovation objectives or knowledge sources related to innovation.
The descriptive statistics show that forty-six percent of the firms in the full sample attempted to innovate. Nine percent of revenues for these innovation active firms derived from sales of new products. Since sixty-three percent of the firms that were innovation active succeeded in innovating, this implies that new product introductions accounted for 14 percent of revenues for the successful innovators.
For the innovation active firms, the average number of OBJECTIVES was 5.5 and the average number of SOURCES was 4.9. The number of innovation objectives and knowledge sources per firm are highly positively correlated with one another (estimated rho = 0.41) and with the various measures of innovation success. (Table A2 in the Appendix reports correlation coefficients.) The high correlation between the number of objectives and sources is not surprising. Firms that have more innovative activity may pursue a greater number of innovation objectives and seek more sources of knowledge for innovation. The correlation between objectives and sources, however, does make it more difficult to ascertain their independent statistical relationship to innovation success. Table 3 reports regressions that test Hypotheses 1a and 2a that a greater number of innovation objectives and knowledge sources is associated with greater innovation success.
These tables report the sample selection results. Table A3 in the Appendix reports the baseline probit and tobit regressions without correction for sample selection. The results with and without correction for sample selection are very similar.
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In the selection equation, all of the variables including NONTECH are statistically significant except for GROUP. Perhaps not surprisingly, GROUP has a high correlation (estimated rho = 0.51) with the number of employees (EMPL), which is significant. Thus, multicollinearity may account for the insignificance of GROUP.
In the probit and tobit equations for innovation success, R&D intensity is significant, as expected. The number of employees is significant in the INNOV but not the PRODSALES
18 If the correlation between the residuals in the first and second stage regressions in the sample selection model is not significantly different from zero, sample selection does not bias the coefficients in the innovation success equation. Table 3 indicates that the correlations between the residuals in the selection and the innovation success equations are not significantly different from zero. For the binary INNOV variable, however, the correlation is somewhat high (even though insignificant), and the coefficients differ slightly between the analyses with and without correction for sample selection. Non-linearity of the inverse Mills ratio could produce this result, but it is difficult to tell if this is the case. Therefore, as a cautionary measure, we retain the sample selection approach for the remainder of the analysis.
regression. As the results for INNOV indicate, the ability to commercialize at least one innovation increases with firm size. Since the PRODSALES variable implicitly corrects for firm size (in the denominator), it is not surprising that the number of employees is insignificant.
Employee research skills (RES) and technical skills (TECH) also are not significant. Both variables are somewhat highly correlated with RDINT (estimated rhos = 0.40 and 0.52, respectively). Here again multicollinearity may affect the results
Because the number of innovation objectives and knowledge sources are highly correlated, we entered each variable separately in the regressions and then included them together. When entered separately, the coefficients for both OJBECTIVES and SOURCES are positive and statistically significant. When the variables are included together in the regressions, however, OBJECTIVES retains its significance but SOURCES does not.
Multicollinearity of the variables for objectives and sources could explain this result.
Nevertheless, an evaluation of the marginal effects of OBJECTIVES and SOURCES when entered separately in the regressions suggests that the results for OBJECTIVES are stronger.
When evaluated at the mean values of the right-hand side variables, in the INNOV regression the estimated marginal effect is 0.05 for OBJECTIVES and 0.02 for SOURCES, with almost identical standard errors. In the PRODSALES regression, the estimated marginal effect is 2.9
for OBJECTIVES and 2.1 for SOURCES, with almost identical standard errors. 19 Although we must interpret these numbers with caution, they provide additional evidence regarding the importance of OBJECTIVES in particular.
The regressions reported thus far indicate that a greater number of innovation objectives and knowledge sources has a positive relationship with innovation success. Next we turn to Hypotheses 1b and 2b regarding diminishing returns to breadth of objectives and sources. In the probit regressions for INNOV reported in table 3, the positive coefficients on 19 In addition, likelihood ratio tests produce similar results when one variable is added to an equation containing the other variable. In the PRODSALES regressions in table 3, adding OBJECTIVES to the equation containing SOURCES produces an increase in the log likelihood ratio of 12.0 that is statistically significant at a level of less than 0.01. Adding SOURCES to the equation containing OBJECTIVES, however, increases the likelihood ratio by only 1.4 and is not statistically significant (p-value of 0.24).
OBJECTIVES and SOURCES indicate diminishing marginal returns. It is perhaps not
surprising that the probability of achieving at least one innovation is subject to diminishing marginal returns to additional objectives and sources. The results are somewhat different for PRODSALES, however. As shown in table 4, the coefficients on the squared terms for OBJECTIVES and for SOURCES are not significant. Perhaps the number of objectives and sources per firm were small enough that diminishing returns had not set in with regard to sales from innovation.
We also tested Hypothesis 3 regarding the interaction between OBJECTIVES and SOURCES. The interaction term is not significant for either dependent variable. Thus, we find no evidence of a positive interaction between breadth of objectives and knowledge sources.
Finally, we conducted several sensitivity analyses. The Appendix reports the results of an analysis of the relationship of product and process objectives to product and process innovation success. The results suggest that as we would expect, breadth of product objectives is correlated with product innovation success, and the same holds for process objectives and innovation. We also tested for a positive interaction between R&D intensity and innovation objectives, and between R&D intensity and knowledge sources. Perhaps firms benefit more from breadth of innovative activity if they also devote more R&D effort toward achieving their objectives and utilizing their knowledge sources. The interaction terms were not significant.
We further assessed whether firms whose employees are more research oriented benefit more from breadth of innovative activity, by estimating models with interaction terms between research skills (RES) and OBJECTIVES and SOURCES. Again, the interaction terms were not significant. Additional subsample analyses compared small versus large firms, and firms in business groups versus independent firms. The results did not differ qualitatively between subgroups.
DISCUSSION AND CONCLUSION
The empirical results support the primary hypotheses of this study that greater breadth of innovation objectives and knowledge sources benefits innovation success at the firm level.
Greater breadth of innovative activity is significantly and positively correlated with the probability that the firm succeeds in innovating and with the "value" of innovations (measured as the percent of sales derived from newly introduced innovative products). The results are particularly strong for innovation objectives. Although research on both the knowledge-based view of the firm and innovation alliances has tended to focus much more on knowledge sources, our results suggest that innovation objectives may be as or even more important to innovation success. In addition, the results provide only limited evidence of diminishing returns to breadth of innovation objectives and knowledge sources, at least for the scale of firm innovative activity examined here. This is one of the first statistical studies at the firm level to assess the effect of innovation objectives and knowledge sources together, and for a large set of both objectives and sources. The results have the advantage that they derive from a broad sample of manufacturing industries. The analysis also controls for a number of factors generally thought to influence innovativeness, including industry level factors, firm size, and R&D intensity. In addition, the two-stage sample selection model of innovation accounts for the endogeneity of the firm's decision to engage in innovative activity. This approach helps to separate factors that affect the propensity of firms to engage in innovative activity from factors, such as innovation objectives and knowledge sources, that affect innovation success provided that the firm has engaged in innovative activity to begin with.
These results also raise issues for future research in order to provide evidence beyond this initial study, and to address limitations of the study. For example, it would be useful to replicate these results beyond the Finnish economy, where there are fewer large firms than in a country like the U.S. A sample that includes more large firms also could provide additional evidence regarding diminishing returns to breadth of innovation objectives and knowledge sources. Longitudinal data also would make it possible to trace how innovation objectives and knowledge sources affect innovation success over time. Panel data could further address issues of endogeneity of objectives and sources as well.
The evidence presented here complements evidence regarding industry and country level differences in breadth of innovative activity. Although the results suggest that individual firms may benefit from greater breadth of innovation objectives and knowledge sources, we must temper this finding with the likelihood that firms must manage such breadth well in order to accrue benefits. For example, highly diverse communication patterns put pressure on efficient management of knowledge within the organization (Hansen, Nohria, and Tierney 1999) , creating challenges to management of multiple knowledge sources. In addition, substantial breadth in innovation objectives may require breadth of expertise within the firm as a whole in order to carry out different types of innovation projects successfully.
On a final note, the results of this study may have implications beyond the innovative activities of firms. Many firm activities that are subject to high uncertainty regarding the likelihood of future success may benefit from multiple objectives. In addition, firm activities that entail the use of complementary knowledge from different sources may benefit from breadth of knowledge sourcing. 
Analysis of Product and Process Objectives
As noted earlier, some innovation objectives deal more closely with product innovation and others deal more closely with process innovation. Since the CIS data distinguish between product and process innovations, it might be interesting to know whether breadth of product objectives correlate with product innovation success and breadth of process objectives correlate with process innovations success. In a subsidiary analysis, we replaced OBJECTIVES with the two variables OBJPROD (product innovation objectives) and OBJPROC (process innovation objectives). We included these two variables on the right hand side of regressions for three different binary dependent variables: PRODONLY (product but no process innovations), PROCONLY (process but no product innovations), and PRODPROC (product and process innovations). Table A4 contains the exact variable definitions used in the analysis, Not surprisingly, breadth of product objectives is significant in the two regressions that predict the likelihood of product innovation success (with or without process innovation success). Breadth of process objectives is almost significant in both regressions as well, despite a high correlation between OBJPROD and OBJPROC (estimated rho = 0.42). As we might expect, the coefficient on breadth of process objectives is negative for firms that had only product innovations and is positive for firms that had process as well as product innovations.
Even in the regression for process only innovation success where we cannot estimate the coefficients with precision, the coefficient is positive for the number of process objectives and is negative for the number of product objectives. Although not definitive, these results suggest that breadth of product and process objectives are associated with product and process innovation in a sensible manner. 
